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Accurate knowledge of net surface radiation (NSR) is required to understand the soil-vegetation-
atmosphere feedbacks. However, NSR is seldom measured due to the technical and economical limita-
tions associated with direct measurements. An artiﬁcial neural network (ANN) technique with Levenberg
eMarquardt learning algorithm was used to estimate NSR for a tropical mangrove forest of Indian
Sundarban with routinely measured meteorological variables. The root mean square error (RMSE), mean
absolute error (MAE), modelling efﬁciency (ME), coefﬁcient of residual mass (CRM) and coefﬁcient of
determination (R2) between ANN estimated and measured NSR were 37 W m2, 26 W m2, 0.95, 0.017
and 0.97 respectively under all-weather conditions. Thus, the ANN estimated NSR values presented in
this study are comparable to those reported in literature. Further, a detailed study on the estimated NSR
for cloudy skies was also analysed. ANN estimated NSR values were compared with in situmeasurements
for cloudy days and non-cloudy days. The RMSE, MAE and CRM of the model decrease to half when
considering the non-cloudy days. Thus, the results demonstrate that major source error in estimating
NSR comes from the cloudy skies. Sensitivity of input variables to NSR was further analysed.
© 2016 Chinese Institute of Environmental Engineering, Taiwan. Production and hosting by
Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Net surface radiation (NSR) is themain source of energy available
at the Earth's surface that drives the process of evaporation, air and
soil heating aswell as other smaller energy-drivenprocesses such as
photosynthesis [1e4]. Since exchangeof energy takesplacebetween
the Earth's surface and the atmosphere continuously, the accurate
knowledge of NSR is essential in understanding the physical and
biological processes of evapotranspiration, air and soil warming [5].
However, ground based net radiometers (direct measurements) are
expensive, require frequent calibration and limited in availability.
Therefore, various empirical [6e12], physical and neural network
models have been developed by many researchers either withVenkata Mahalakshmi).
Institute of Environmental
l Engineering, Taiwan. Production
d/4.0/).conventional meteorological parameters such as temperature, lati-
tude, altitude, etc. or remote sensing platform [13e17] to estimate
net radiation components. NSA represents the algebraic sum of
downwelling (incomingY) and upwelling (outgoing[) components
of short-wave in the wavelength range 0.3e4.0 mm [18] and long-
wave (4e100 mm) ﬂuxes respectively as shown in Eq. (1).
Rn ¼

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
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
(1)
Where, the downward arrows (Y) and upward arrows ([) indicate
incoming and outgoing radiation components respectively. In Eq.
(1), Rn is NSR, Rs is shortwave radiation and Rl is long-wave radiation
at the Earth's surface. Several meteorologists have attempted to
quantify the surface radiation budget with direct measurements.
Downwelling Rs at the surface originated from the solar radiation
during daytime is a function of scattering, emission, and absorption
in the atmosphere, while Rl depends on the air temperature and air
emissivity. Upwelling Rs can be estimated as the product ofand hosting by Elsevier B.V. This is an open access article under the CC BY-NC-ND
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land surface temperature and emissivity. The upward components
of NSR are controlled by ground surface characteristics including
snow/ice coverage, vegetation extent and soil moisture content.
Knowledge of surface energy balance is an important parameter in
advancing our understanding and ability to model land surface-
eatmosphere interactions, leading to more reliable weather fore-
casts. Further, it also assists us in forecasting local and large-scale
effects of climate changes on rainfall and how it inﬂuences desert-
iﬁcation and agricultural yield amongst other things.
In general, number of radiation measurements sites was limited
as compared to sites where meteorological observations (air tem-
perature, humidity, wind velocity, etc.) are recorded regularly.
There are several surface radiation observational networks for
providing long-term radiation budget. It is well understood that the
ﬂux tower data are the best but use is limited due to sparse network
across the globe, especially in the country like India. The mea-
surement of solar radiation is more prone to errors and often en-
counters more problems such as technical failure and operation
related problems than other meteorological data. There have been
few studies for NSR estimation using artiﬁcial neural network
(ANN) technique based on remote sensing data and are restricted to
clear sky conditions [19e22]. Therefore in this study, as a novelty, a
detailed analysis on the estimated NSR using ANN approach for
cloudy skies, clear skies respectively were analysed.Fig. 1. Map of study area, black colour dot indicate2. Materials and methods
2.1. Study area and data used
The present work is based on the data measured from eddy
covariance ﬂux tower for the period of one year (April 2012 to
March 2013) and is carried out as part of the National Carbon
Project initiated by the Indian Space Research Organization. The
footprint of the eddy-covariance ﬂux tower (height of 15 m) is
estimated to be about 200 m. The tower was located at the Bonnie
camp location of Sundarban region (Fig. 1), India. The total area of
Indian Sundarban mangrove forest is 9630 km2 [23]. Net radiation
and its components were measured using net radiometers con-
sisting of a pyranometer pair with one facing upward, and the other
facing downward (Kipp & Zonen CNR 4, Bohemia, NY, USA). In
addition, air temperature, relative humidity, wind speed and wind
direction data from eddy ﬂux tower during the study period were
used as input to the ANN.More information on the instruments and
data quality is available in Ref. [24]. All the measurements were
recorded every 10 min and reliability of observations from eddy-
covariance technique is described by Twine et al. [25]. Since the
performance of an ANN is inﬂuenced by the quality of the training
datasets, values ﬂagged as outliers or missing were removed from
the dataset before the analysis and only the good quality data were
used in this study.s the location of Eddy Covariance ﬂux tower.
Meteorological data 
 Train Network with Marquardt-Levenberg algorithm 
Divide data into training, validate & testing data 
Comparison of output based on RMSE, MAE, CRM, R
2
Net radiation data 
Fig. 3. Methodology used in the present study.
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AnANN is an information processing paradigm that is inspired by
theway biological nervous systemworks. The analysis can be used as
a standalone application or as a complement to statistical analysis.
ANN techniquewas also used earlier inmeteorological [5,19e22] and
oceanographic [26e29] studies besides in other applications. Swain
et al. [28] have shown the superiority of the ANN technique over
multiple regression technique. The block diagram of the ANN tech-
nique is shown in Fig. 2. In the ﬁgure, the input variables are air
temperature, relative humidity, wind speed and wind direction and
the output is the NSR. The popular ANN models are radial basis
functions and multilayer perceptions (MLP). We used MLP with sig-
moid activation function as it provided better coefﬁcient of deter-
mination (R2) and other statistical estimates. Various training
algorithms are available for the training of neural networks. In this
study, LevenbergeMarquardt learning algorithm is used as it was
found to be best suited training algorithm [30,31]. ANN analysis re-
quires three sets of data: 1) training; 2) veriﬁcation or testing; and 3)
validation. Trainingdata set isused to train themodelandveriﬁcation
set to test the model during the training process. Finally, trained
model isused toestimate theNSRusing themeasuredmeteorological
variables (air temperature, relative humidity, wind speed and direc-
tion) tovalidate themodel.Overall, the dataset is composedof 50,477
samples with 10 min temporal sampling frequency. Then, the total
datasetwasclassiﬁed into training (70%), testing (15%), andvalidation
(15%) considering day, night and different months. The ﬁnal ANN
consists of an input layer of four neurons, one hidden layer of 12
neurons and one output layer with one neuron. The overall meth-
odology is given in Fig. 3. The performance of the ANN technique has
been evaluated using statistical error estimates such as root mean
square error (RMSE), mean absolute error (MAE), R2, and coefﬁcient
of residual mass (CRM) and modelling efﬁciency (ME). Further, the
correlations are tested statistically with the student's t-test. The
statistic, t, is givenby t¼ r(n2)/(1r2)1/2,where r andn indicates the
correlation coefﬁcient andnumber of observations respectively. CRM
indicates overall under estimation or over estimation. For example,
CRM would be zero for perfect estimation, positive and negative for
under- and over-estimations respectively. The value of MEwould be
1.0 when all the estimated values match perfectly with the observed
ones.Whereasnegative values andvalues close to zero indicatespoor
performance of the estimation method.Fig. 2. The Block diag3. Results and discussion
3.1. Weather conditions
An analysis of NSR reveals a maximum NSR of 977 W m2
observed on September 7, 2012 and minimum value of 85 Wm2
on November 16, 2012. The NSR in the evening is always negative
ranging from 0 to 85 W m2. This is due to absence of insolation
after the sunset. By the early morning hours, NSR changes to pos-
itive. Kounouhewa et al. [32] also found the NSR value ranging
between 0 and109Wm2 during evening hours. These values are
less than our observations because the latitude of the regionwhere
longwave radiation is expected to be more than at our study site.
The ambient temperature attains a maximum value of 39.6 C on
April 21, 2012 and minimum value of 7.8 C on January 9, 2013. The
relative humidity varies from 18 to 96%. Thewind speed varies from
0 to 4.58 m s1.3.2. Selection of inputs
Identiﬁcation of suitable input variables for accurate and efﬁ-
cient estimation of NSR using ANN is important. As NSR will be
affected by various meteorological variables, soil moisture and
temperature [33,34], ANN technique was used in this study toram of the ANN.
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ables (air temperature, relative humidity, wind speed and
direction).3.3. Correlation between the NSR and meteorological variables
The scatter between the observed air temperature, relative hu-
midity, wind speed and direction and observed NSR are shown in
Fig. 4. While air temperature and wind speed have positive corre-
lation with NSR and negative correlation with relative humidity
indicating that as relative humidity increases, NSR decreases
because it controls the net surface shortwave radiation (NSSR)
through changes in low-level cloudiness. On the other hand, wind
direction has no correlation with NSR. It is evident from the above
discussion that micro meteorological variables inﬂuence the NSR
[33,34].3.4. Diurnal cycle of radiative ﬂux components
Fig. 5 shows the distribution of the NSR (observed and ANN
estimated), NSSR and net surface long-wave radiation (NSLR) on
November 14, 2012. NSR and NSSR ﬂuxes followed a unimodal
pattern of diurnal change with one distinct peak (Fig. 5). TheFig. 4. Scatter plots of relationships between net surfmaximum value of incoming shortwave radiation was occurring
between 13:00 and 14:00 for all the days during study period (one
year). Moreover, this pattern is similar to that of global solar radia-
tion. As it is expected, unlike the NSR and NSSR, the pattern appears
different for NSLR. The latter is a function of air temperature; cloud
cover and emissivity of the earth's surface and air and the severe
effects of any of these factors are assumed to determine their mean
values for any given period of time. Further, Short-wave radiation
balancewas positive and long wave radiation balancewas negative.3.5. Validation of ANN estimated NSR
The scatter between observed NSR and estimated NSR is shown
in Fig. 6 for respective datasets and statistical results are shown in
Table 1. The R2 is 0.97 (Table 1) with 99.9% (p-value ¼ 0.001) con-
ﬁdence between the estimated and observed values. The bias be-
tween estimated and observed value is 1.8 W m2 which is
negligible. Ferreira et al. [5] observed an R2 of 0.97, RMSE of
39.26 W m2 and MAE of 22.60 W m2. Thus, our estimates are
similar (RMSE¼ 37Wm2, MAE¼ 26Wm2) to those observed by
GeraldoeFerreira et al. [5]. Values of RMSE are more sensitive to
outliers than those of MAE. The ANN derived NSR is slightly
underestimated (CRM ¼ 0.017) based on ﬂux tower measurements.ace radiation and other meteorological variables.
Fig. 6. Scatter plot between observed and ANN estimated net surface radiation.
Table 1
Error values for the training, testing and validation datasets.
Statistical index RMSE (W m2) MAE (W m2) CRM R2 ME
Training 29 18 0.005 0.98 0.98
Testing 31 20 0.008 0.97 0.97
Validation 33 20 0.008 0.97 0.97
ANN- All 35 26 0.017 0.96 0.97
Fig. 5. Distribution of NSR, NSR with ANN, NSSR and NSLR during clear sky day.
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method can contribute to engineers, agro-meteorologist and
climatologist as mentioned by Irmak et al. [35]. Thus, for locations
where radiation measurements are not available, the method used
in the study would be useful.3.6. Identiﬁcation of sky condition
To test the robustness of this method, the inﬂuence of clear-sky
days and cloudy days on the estimates of NSR with ANN technique
was further analysed. Thus, the entire datasets divided into clear-
sky days and cloudy days using diurnal variation of global solar
radiation following Zhang et al. [36]. This method is based on the
ground observation of global solar radiation. Other alternative
method is to use satellite data. This study is carried out exclusively
with the eddy ﬂux tower measurements; hence satellite data werenot considered as it requires large volume of data. If the variation is
smooth sinusoidal, Zhang et al. [36] considered it as a clear sky day
and if it does not have smooth sinusoidal variation, they considered
it as a cloudy day. This division of clear/cloudy days matched with
the criteria adopted by Refs. [37,38].
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Huang et al. [39] tested three empirical and one advanced
simpliﬁed theoretical algorithms for net surface shortwave radia-
tion at Naqu station. They found that none of them performed well
due to its unique cloud climatology properties over Tibetan plateau.
But for rest of the locations, all the four algorithms performed well.
Thus in our study, we estimated errors for ANN estimated NSR
under cloudy and non-cloudy conditions. The statistical results are
shown in Table 2. The scatter between observed and estimated NSR
during clear sky and cloudy days are shown in Fig. 7a and b,
respectively. The R2 value for clear skies (cloudy skies) is 0.98 (0.92)
and RMSE is 35 (67)Wm2. During cloudy days, RMSE increased to
double in comparison to clear-sky conditions. Thus, the estimation
during clear-sky days is better than those during cloudy days. TheseTable 2
ANN estimated errors in clear sky and cloudy days.
Statistical index RMSE (W m2) MAE (Wm2) CRM R2 ME
ANN-Clear Days 35 21 0.06 0.98 0.97
ANN- Cloudy Days 67 42 0.012 0.92 0.92
Fig. 7. Scatter plot between observed and estimated net surface radiation (a) Clear sky
day (b) Cloudy day.results conﬁrm the previous ﬁndings [40] for instantaneous net
radiation using the MODIS cloud data sets (MOD06-L2). They
observed RMSE for clear skies (cloudy skies) to be 39 (50) W m2.
Hence, we propose that if the model is developed separately for
cloudy days and non-cloudy days, the estimation could be
improved. However, the errors on cloudy days are also within the
acceptable limit. We could not include this analysis in this study
because we could not ﬁnd the parameter which distinguishes
cloudy and non-cloudy days other than incoming ground reaching
solar radiation which is not an input to the ANN.
Further, we have observed that, net longwave loss from the
surface is lower on a mean weather day (combined effect of cloudy
and non-cloudy days) than on a clear-sky day for shortwave radi-
ation. This is due to additional radiation from clouds in the atmo-
spheric window, thus, increasing the atmospheric radiation.4. Conclusions
The input parameters used to estimate NSR via ANN are air
temperature, relative humidity and wind vector. These parameters
are the most conventional parameters that are available in many
places. The present study is extremely useful for estimation of NSR
where radiation data are not available. The RMSE, R2 and CRM
between observed and estimated NSR under all sky conditions are
37 W m2, 0.97 and 0.017, respectively which are well within the
acceptable limits. In comparison, ANN estimated NSR under clear
sky conditions are better and error indicators drops to 50% of
cloudy days. Thus, the results demonstrate that one source of error
in estimating NSR comes from the cloudy skies.Acknowledgements
The authors thank RRSC-East colleagues for the constant sup-
port and encouragement. This study was supported by the Indian
Space Research Organisation-Geosphere Biosphere Program under
National Carbon Project. The authors would like to thank the editor
and two anonymous reviewers for their helpful comments that
eventually lead to an overall improvement of the manuscript.References
[1] Rosenberg NJ, Blad BL, Verma SB. Microclimate: the biological environment.
2nd ed. New York: John Wiley; 1983.
[2] Baldocchi DD, Law BE, Anthoni PM. On measuring and modeling energy ﬂuxes
above the ﬂoor of a homogeneous and heterogeneous conifer forest. Agr
Forest Meteorol 2000;102:187e206.
[3] Beringer J, Chapin FS, Thompson CC, McGuire AD. Surface energy exchanges
along a tundra-forest transition and feedbacks to climate. Agr Forest Meteorol
2005;131:143e61.
[4] Gavilan P, Berengena J, Allen RG. Measuring versus estimating net radiation
and soil heat ﬂux: impact on Penman-Monteith reference ET estimates in
semiarid regions. Agr Water Manage 2007;89:275e86.
[5] Ferreira AG, Soria-Olivas E, Lopez AJS, Lopez-Baeza E. Estimating net radiation
at surface using artiﬁcial neural networks: a new approach. Theor Appl Cli-
matol 2011;106:263e79.
[6] Chandel SS, Aggarwal RK, Pandey AN. New correlation to estimate global solar
radiation on horizontal surfaces using sunshine hour and temperature data for
Indian sites. J Sol Energy-T ASME 2005;127:417e20.
[7] Sabziparvar AA. A simple formula for estimating global solar radiation in
central arid deserts of Iran. Renew Energ 2008;33:1002e10.
[8] Singh OP, Srivastava SK, Gaur A. Empirical relationship to estimate global
radiation from hours of sunshine. Energ Convers Manage 1996;37:501e4.
[9] Ododo JC, Agbakwuru JA, Ogbu FA. Correlation of solar radiation with cloud
cover and relative sunshine duration. Energ Convers Manage 1996;37:
1555e9.
[10] Prieto JI, Martinez-Garcia JC, Garcia D. Correlation between global solar irra-
diation and air temperature in Asturias, Spain. Sol Energy 2009;83:1076e85.
[11] Mani A, Rangarajan S. Solar Radiation. Delhi, India: Allied Publishers; 1982.
[12] Sivamadhavi V, Selvaraj RS. Robust regression technique to estimate the
global radiation. Indian J Radio Space Phys 2012;41:17e25.
D. Venkata Mahalakshmi et al. / Sustainable Environment Research 26 (2016) 44e5050[13] Bisht G, Venturini V, Islam S, Jiang L. Estimation of the net radiation using
MODIS (Moderate Resolution Imaging Spectroradiometer) data for clear sky
days. Remote Sens Environ 2005;97:52e67.
[14] Wang WH, Liang SL, Augustine JA. Estimating high spatial resolution clear-sky
land surface upwelling longwave radiation from MODIS data. IEEE T Geosci
Remote 2009;47:1559e70.
[15] Wang KC, Wan ZM, Wang PC, Sparrow M, Liu JM, Zhou XJ, et al. Estimation of
surface long wave radiation and broadband emissivity using Moderate Res-
olution Imaging Spectroradiometer (MODIS) land surface temperature/emis-
sivity products. J Geophys Res-Atmos 2005;110:D11109.
[16] Zhou YP, Kratz DP, Wilber AC, Gupta SK, Cess RD. An improved algorithm for
retrieving surface downwelling longwave radiation from satellite measure-
ments. J Geophys Res-Atmos 2007;112:D15102.
[17] Dutta D, Mahalakshmi DV, Singh M, Goyal P, Paul S, Sharma JR, et al. Satellite-
based estimation of instantaneous radiative ﬂuxes over continental USA e a
case study. J Indian Soc Remote Sens 2015;43:841e9.
[18] Badescu V. Modeling Solar Radiation at Earth's Surface. Berlin, Germany:
Springer; 2008.
[19] Sfetsos A, Coonick AH. Univariate and multivariate forecasting of hourly solar
radiation with artiﬁcial intelligence techniques. Sol Energy 2000;68:169e78.
[20] Hontoria L, Aguilera J, Zuﬁria P. Generation of hourly irradiation synthetic series
using the neural network multilayer perceptron. Sol Energy 2002;72:441e6.
[21] Dobreva ID, Klein AG. Fractional snow cover mapping through artiﬁcial neural
network analysis of MODIS surface reﬂectance. Remote Sens Environ
2011;115:3355e66.
[22] Koca A, Oztop HF, Varol Y, Koca GO. Estimation of solar radiation using arti-
ﬁcial neural networks with different input parameters for Mediterranean
region of Anatolia in Turkey. Expert Syst Appl 2011;38:8756e62.
[23] Naskar NM, Naskar KR, Talai S. Addition to the list of brackish water Zygne-
maceae of Sundarbans and its adjoining areas, India genus Spirogyra link. Our
Nature 2009;7:187e92.
[24] Jha CS, Rodda SR, Thumaty KC, Raha AK, Dadhwal VK. Eddy covariance based
methane ﬂux in Sundarbans mangroves, India. J Earth Syst Sci 2014;123:
1089e96.
[25] Twine TE, Kustas WP, Norman JM, Cook DR, Houser PR, Meyers TP, et al.
Correcting eddy-covariance ﬂux underestimates over a grassland. Agr Forest
Meteorol 2000;103:279e300.
[26] Ali MM, Swain D, Weller RA. Estimation of ocean subsurface thermal structure
from surface parameters: a neural network approach. Geophys Res Lett
2004;31:L20308.[27] Jain S, Ali MM. Estimation of sound speed proﬁles using artiﬁcial neural
networks. IEEE Geosci Remote S 2006;3:467e70.
[28] Swain D, Ali MM, Weller RA. Estimation of mixed-layer depth from surface
parameters. J Mar Res 2006;64:745e58.
[29] Jain S, Ali MM, Sen PN. Estimation of sonic layer depth from surface param-
eters. Geophys Res Lett 2007;34:L17602.
[30] Lubna BM, Hamdan MA, Abdelhafez EA, Shaheen W. Hourly solar radiation
prediction based on Nonlinear Autoregressive Exogenous (NARX) neural
network. Jordan J Mech Ind Eng 2013;7:11e8.
[31] Luenberger DG, Ye Y. Linear and Nonlinear Programming. 3rd ed. New York:
Springer; 2008.
[32] Kounouhewa B, Mamadou O, N'Gobi GK, Awanou CN. Dynamics and diurnal
variations of surface radiation budget over agricultural crops located in
Sudanian climate. Atmos Clim Sci 2013;3:121e31.
[33] Geraldo-Ferreira A, Soria-Olivas E, Gomez-Sanchis J, Serrano-Lopez AJ,
Velazquez-Blazquez A, Lopez-Baeza E. Modelling net radiation at surface us-
ing “in situ” netpyrradiometer measurements with artiﬁcial neural networks.
Expert Syst Appl 2011;38:14190e5.
[34] Mahalakshmi DV, Paul A, Dutta D, Ali MM, Jha CS, Dadhwal VK. Net surface
radiation retrieval using earth observation satellite data and machine learning
algorithm. In: 8th ISPRS Annals of the Photogrammetry, Remote Sensing and
Spatial Information Sciences; 2014 Dec 9e12; Hyderabad, India.
[35] Irmak S, Irmak A, Jones JW, Howell TA, Jacobs JM, Allen RG, et al. Predicting
daily net radiation using minimum climatological data. J Irrig Drain E-ASCE
2003;129:256e69.
[36] Zhang YL, Li X, Bai YL. An integrated approach to estimate shortwave solar
radiation on clear-sky days in rugged terrain using MODIS atmospheric
products. Sol Energy 2015;113:347e57.
[37] Zhou XM, Tang BH, Wu H, Li ZL. Estimating net surface longwave radiation
from net surface shortwave radiation for cloudy skies. Int J Remote Sens
2013;34:8104e17.
[38] Long CN, Ackerman TP, Gaustad KL, Cole JNS. Estimation of fractional sky
cover from broadband shortwave radiometer measurements. J Geophys Res-
Atmos 2006;111:11204e14.
[39] Huang GH, Liu SM, Liang SL. Estimation of net surface shortwave radiation
from MODIS data. Int J Remote Sens 2012;33:804e25.
[40] Bisht G, Bras RL. Estimation of net radiation from the MODIS data under all sky
conditions: Southern Great Plains case study. Remote Sens Environ 2010;114:
1522e34.
